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{Spatial Temporal Graph Convolutional Networks for Skeleton-Based Action
Recognition))
The article proposed a spatial temporal graph convolutional network method for skeleton

based action recognition. But the method doesn’t consider using edge weight, but consider
using edge connectivity. For our task, we may can use this network structure.
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{A High Accuracy Fuzzy Logic Based Map Matching Algorithm for Road Transport)
An article which use fuzzy logic and multi-source fusion method for map matching. Maybe
we could use its way that utilize fuzzy logic to help map match to inspirit conceiving our
method. It uses different types of feature to decide the probabilities of candidate links.

If (v is high) and (HE is small) then (L1 is average) (3)

If (vis high) and (HE is large) then (LI is low) (1)

If (HDOP is good) and (PD is short) then (L1 is average) (1)
If (HDOP is good) and (PD is long) then (L1 is low) (1)

If (HE is small) and (PD is short) then (LI is high) (1)

If (HE is large) and (PD is long) then (L1 is low) (1)

{The Path Inference Filter: Model-Based Low-Latency Map Matching of Probe Vehicle
Data)
This article proposed a general framework, which is the same as HMM-based MMA. Due to
conditional random field rather than HMM, this model using P(o|x) instead of P(x|o) in
which x is real position and o is observed position.
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{AntMapper: An Ant Colony-Based Map Matching Approach for Trajectory-Based
Applications)
This article proposed a method which use ant colony algorithm instead of Viterbi algorithm
to solve HMM (hidden Marko Model) optimal problem. This boring an advantage that we
can use global criteria to constrain the final result of a map matching algorithm.

C, C; C, C, Algorithm 1 AntMapper
1: /* Initialization */
2: Set the pheromone on all links of the information graph to

3: /* Main Loop */

4: while Terminafion Rule is not met do

5:  Place each ant at a random starting point in the candidate
set of the first GPS point (i = 1);

6. fori=2tondo

o o o cn - Perform State Transition Rule to move each ant to the
next point;
8 Perform Local Update Rule to update the pheromone
Fig. 5. Illustration of an ant constructing a path on the information graph. on the link which is just passed by each ant;
The candidate solution obtained is Cll — c; — c% = o=l 9:  end for

10:  Evaluate the fitness values of all ants according to (6);
11:  Identify the best-so-far path Ppgs:

stored in an information graph (as shown in Fig. 5. each ). porform Global Update Rule to update the pheromone

vertex is a candidate matched points), and the global fitness on path Py
. sf
function is formulated. Note that we should not evaluate the |3 and while

global fitness of a path in this module since we do not .. ratuen Path Py
build a candidate path until the third module starts. Finally, .

in the solution finding module, a colony of ants is dispatched
{Learning to Rank using Gradient Descent)
It's a pair-wise method which uses two layers neural network to rank data.
{Learning to Rank From Pairwise Approach to Listwise Approach )
It's a list-wise method which uses cross entropy to rank data. It provide a concluding, and a

formulation of loss.



Again, let us take document retrieval as example. We de-
note the ranking function based on the Neural Network
model w as f,. Given a feature vector xf;). fm(x?]) assigns
a score to it. We define ¢ in Definition 1 as an exponential
function, which is translation invariant as shown in Theo-
rem 5. We then rewrite the top & probability in Theorem 8
as

k
o exp(s;,)
Pi(G(1- o)) = | | =
=1 iy XP(Sj;)

Given query ¢®. the ranking function £, can generate a
score list ZO(£,) = ( fm(xg’j), fm(xgj}, e fm(xf:z} ) Then

the top & probability of documents (dﬁ?a’(}? dﬁ?) 1s cal-
culated as _

Eexp(fu(x?))
Pz{ijfj'w)(gk(jl s J2e e JE)) = l ] ) - MO\’
=1 =t EXp(f‘”(xj: )}

With Cross Entropy as metric, the loss for query ¢ be-
comes g—MHEFIN— A, BERTEHEIA

-MEE S, miaAR X fHloss

LG 20(f) = - ) Po(@logPagy(@) ()
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The gradient of L(y®, z@( £,)) with respect to parameter o
can be calculated as follows

= I'?L(_],.‘(ﬂ,:(ﬂ(fm}) __ Z HP:(r)(fw)(g} JP'-,,-(EI (g)

dw Veed, A chajgm)(g)
(5)
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Date Tasks Duration
Mon. Reading and Programming | 10:30-22:00
Tues. to Sat. Reading and Programming | 9:00-22:00
Sun. Reading and Programming | 9:30-22:00

Work Time: above 50 hours



